Merging galaxy systems provide observational evidence of the existence of dark matter and constraints on its properties. Therefore, statisticaly uniform samples of merging systems would be a powerful tool for several studies.
INTRODUCTION.
Merging galaxy systems such as the Bullet Cluster (Clowe et al. 2006) , Abell 520 (Mahdavi et al. 2007; Jee et al. 2012; Clowe et al. 2012; Jee et al. 2014) , Baby Bullet , Pandora (Merten et al. 2011) , Musket Ball (Dawson et al. 2012) , El Gordo (Menanteau et al. 2012; Ng et al. 2014; Molnar & Broadhurst 2015) , Abell 1758 (Durret et al. 2005) and Abell 3716 (AndradeSantos et al. 2015) have provided observational evidence for the existence of dark matter. Most of them have been used to test the Cold Dark Matter (CDM) paradigm itself (Markevitch et al. (2004) , Hayashi & White (2006) , Farrar & Rosen (2007) , Milosavljevic et al. (2007) , Springel & Farrar (2007) , Randall et al. (2008) , Mastropietro & Burkert (2008) , Lee & Komatsu (2010) , ForeroRomero et al. (2010) , Thompson & Nagamine (2012) , Watson et al. (2014) , Thompson et al. (2014) ). Several statistical techniques have been proposed to measure dark matter properties using merging systems (such as the self interaction cross section, Massey et al. 2011; Harvey et al. 2014; Kahlhoefer et al. 2014; Harvey et al. 2015) . However, the lack of a complete and uniformly selected sample of merging systems prevents efforts to derive robust con-E-mail:martin@oac.unc.edu.ar, mardom@oac.uncor.edu straints. In order to overcome this limitation different approaches have been proposed: the Merging Cluster Collaboration uses the radio emission due to induced shocks in the Intra Cluster Medium (ICM, Feretti et al. 2012 ) to obtain high redshift merging system candidates. These systems have been studied using pan-chromatic observations and detailed merging kinematic Bayesian reconstructions (Dawson 2013) . X-ray imaging, spectra and Sunyaev Zeldovich effect observations have been used to identify unrelaxed clusters of galaxies (Mann & Ebeling 2012) , cluster mergers (Harvey et al. 2014) , substructures and any departures from hydrostatic equilibrium, mainly for the most massive galaxy clusters.
Galaxy redshift surveys are very useful to trace the dynamical state of galaxy systems and to search for substructures (Dressler & Shectman 1988) . To this end, some methods look for departures in the global Gaussian redshift distribution of system members (Solanes et al. 1999; Hou et al. 2014; Yu et al. 2015) . Even though all these methods aim to identify the substructures and recover its properties, they suffer from false identifications and incompleteness, at least to some extent. In this work we develop a uniform identification algorithm of merging systems based on galaxy redshift catalogues. These methods can be applied on low mass systems and should increase the number of merging systems like the bullet group recently identified by arXiv:1509.02524v2 [astro-ph.CO] 31 Dec 2015 Gastaldello et al. (2014) . This paper is organized as follows: In Sec.2, we apply machine learning techniques to a number of observable features and present its calibration based on the result of simulations. We also introduce techniques to recover properties of merging dark matter haloes. In Sec. 3 we apply our techniques to samples of galaxy systems identified from low-redshift galaxy surveys (SDSS-DR7, HeCS, WINGS).
Finally, in Sec. 4 we summarize the main results of this work and discuss uses of this new sample of merging systems. We adopt the standard cosmological model used in the Millenium Simulation (Springel et al. 2005) when necessary (H 0 = 73 km s −1 Mpc −1 , Ω m = 0.25, and Ω Λ = 0.75).
2 METHODOLOGY.
Mock Galaxy and Halo Catalogues
From the point of view of the current theory of galaxy formation, the most direct route for defining galaxy systems is via its host dark matter halo (Mo et al. 2010) .
The Millennium simulation (Springel et al. 2005) , used in this work, provides a catalogue of dark matter (sub)haloes constructed using a traditional 3D Friends-of-Friends algorithm (FoF) that percolates nearby particles. The GAVO Millennium data base, also provides merger trees for each halo (Roukema et al. 1993) , therefore given all the haloes belonging to a FoF group, it is possible to infer its merger tree. We compute for each FoF group a parent list of FoF progenitors (identified in previous snapshots) which have contributed with at least one subhalo to the current FoF group. We define a major merger of FoF groups as the merger between two groups where the total mass of the involved haloes represents at least a 20 per cent of the mass after the merger, it is worth noting that this condition imposes a minimal value of 0.25 for the mass ratio of the interacting systems. We construct mock catalogues of the SDSS-DR7 redshift survey based on the results of a semi-analytic model (Guo et al. 2011) and use it to calibrate our identification method for merging systems. This process is extensively described in previous works (Lares et al. 2011) and (Domínguez Romero et al. 2012) .
We define a recent major merger as a the major merger of two FoF groups, where its principal haloes are still present as different haloes in the final FoF group. With this selection criteria the mean of the look-back merger time is around 3 Gyr consistent with other work (Pinkney et al. 1996) . The FoF groups identified as recent major mergers and their member galaxies identified in the mock catalogs are used to train different machine learning methods.
Identification Technique of Merging Systems.
Galaxy systems were identified in the mock catalogue reproducing the FoF process as applied on real redshift catalogues (Merchán & Zandivarez (2002) , Merchán & Zandivarez (2005) ).
Using the properties of the galaxies in these FoF systems we compute several features relevant to the problem, namely:
(i) The DS test developed by Dressler & Shectman (1988) , uses the deviation of the local radial velocity, defined as the mean radial velocity of the closest n galaxies to each galaxy, from the global radial velocity in order to find substructures in clusters of galaxies. A global cluster value of the DS test is then obtained by summing up individual galaxy values. Following Pinkney et al. (1996) we select those systems of galaxies with an occupancy Ngal > 30 galaxy members in order to have a better identification. We performed the DS test for n = 10 and n = Ngal and use global and individual DS values as features.
(ii) Well known tests measuring the departures from a normal Gaussian distribution: The Anderson-Darlling test, the Cramer-von Mises test, Kolmogorov-Smirnov test, Pearson chi-square test and Shapiro-Francia test (provided by the package nortest, Gross & Ligges 2015) and Shapiro-Wilk test (provided by the stats package).
(iii) Astrophysical properties of galaxies and clusters: SDSS magnitudes, g-r colour index and occupancy of clusters.
With this set of features we test different machine learning algorithms such as the Logistic Regression (Davison & Hinkley 1997; Canty & Ripley 2015) , Support Vector Machines (Cortes & Vapnik 1995; Meyer et al. 2014) and Random Forest (hereafter RF, Breiman 2001; Liaw & Wiener 2002) , provided by the R statistical programming language, with the aim of finding merging systems in the complete sample of galaxy clusters in our simulated catalogues.
In order to measure its performance we run a standard cross validation test in 8 folds i.e. we divide the total sample in 8 individual and independent subsets and train each machine learning algorithm with 7 of them in order to predict the dynamical status of the clusters of the remaining fold. As we know both, the underlying and predicted dynamical status, we are able to compute the true positive rate (TPR), defined as the ratio between the number of merging clusters found in the final sample and the total number of merging clusters that were in the test fold. In the same way we are able to compute the false positive rate (FPR), defined as the number of relaxed clusters classified as merging clusters divided by the number of relaxed clusters that the studied fold has. This information allow us to construct the Receiver Operating Characteristic (ROC) curve showed in Fig. 1 (a) in which it can be seen that the best performance is obtained by the RF algorithm.
For each cluster the RF computes a statistic that is related to the probability that the cluster is undergoing a merger, by building many decision trees from bootstrap training data, where the final classification is based on the average assignation of the ensemble of decision trees. Each tree is grown using randomly selected features from the training dataset previously described. We impose a threshold to the RF statistic of each cluster in order to classify the sample of merging clusters. In order to select an optimal threshold, we study in Fig. 1 (b) the impact of different values on several statistics of the sample of merging systems, namely the TPR, the FPR, the effectiveness (number of identified true-mergers divided by the total number of identified mergers) and the normalized length (number of identified mergers divided by the maximum number of identified mergers of the different thresholds). As can be seen, the classification threshold impacts on the performance of the RF classifier. Consequently, we select a threshold value of 0.3. This selection criterion guarantees a low false positive detection (high effectiveness) in the selected merging systems, but it should be recalled that we are only detecting just a fraction of the overall merging systems in the simulated catalogue as can be seen in Fig. 1  (c) . We note panel (d) of Fig. 1 will be analyze later in section 2.3.
The RF implementation also allows us to assess the relative importance of the features as described in Ehrlinger (2015) . In our case the most important features are the number of galaxy members, the p-value of the Shapiro-Wilk test and the DresslerShectman test. Nevertheless, it is worth noting that all the previously described features are used in our RF implementation. 
Measured Properties of the Merging Haloes.
The RF algorithm gives us a list of galaxies with high probability of belonging to the merging system. On the other hand, this method does not provide information about galaxy membership to the individual substructures. Using a Mixture of Gaussian algorithms (R package mclust, Fraley et al. 2012) it is possible to cluster these member galaxies into the two merging substructures. Assigning galaxies we are able to compute the centre position (angular and redshift) of the substructures, its velocity dispersion (Gapper estimator), virial radius and, therefore, measure a dynamical mass. In order to estimate the associated errors we implemented a bootstrap technique. As shown in Fig. 2 (a, b) the individual masses and the mass ratios are well recovered.
The recovered geometries of the merging systems can be seen in Fig. 1 (d) in terms of the separation of the components in the line of sight (LOS) and in the plane of the sky. Specifically in the x-axis we compute the normalized projected distance r norm = d 1,2 /(r vir 1 + r vir 2 ), where d 1,2 is the angular separation between both components of the merging system and r vir 1 and r vir 2 are the corresponding virial radii. In the y-axis we show the velocity difference v norm = |v 1,2 |/(σ 1 + σ 2 ) where v 1,2 is the velocity distance between components and σ 1 and σ 2 are the corresponding velocity dispersions of the substructures. Using this identification method we found 3 different cases. Relaxed clusters that we classify as merging clusters (indicated by magenta squares), merging clusters in which we are unable to recover the real substructures (indicated by red crosses) and merging clusters in which we do recover the true substructures that are undergoing a merger (indicated by black dots). As can be seen the false positive cases (FPR ∼ 15%), indicated by magenta squares, are evenly distributed as a function of the r norm parameter. The merging systems where we are not able to recover the real substructures are concentrated below a value of r norm = 0.22. Such a selection cut will be used in order to report the properties of the substructures. Although we are able to find spatially coincident merging systems (r norm < 0.22, that is systems merging along the LOS or systems with a small projected angular separation) we are not able to recover well the intervening substructures.
Using this methodology we are able to define samples of merging systems with high levels of purity, low contamination and almost exact computation of the centre position of each component, as can be seen in Fig. 2 (c,d) . In panel (c) we show the angular separation θ between the actual and the recovered positions of each component, normalized to the actual virial radius. Similarly in panel (d) we show the differences ∆v between actual and measured radial velocities, divided by the real velocity dispersion. It should be recalled that our machine learning method is able to recover the correct substructures which belong to the major merger as identified using the merger tree.
APPLICATION TO LOW Z CLUSTERS.
After testing our algorithm on simulated data, we applied our identification algorithms to galaxy systems with more than 30 galaxy members identified in the updated ( two samples of galaxy cluster measurements: WINGS (Cava et al. 2009 ) and HeCS (Rines et al. 2013) . For the WINGS clusters we compute the g-r colour of the individual galaxies based on the observed b-v colour applying the formulas presented by the 2df Collaboration based on the results of Fukugita et al. (1995) . We report the following clusters as spatially coincident merging systems candidates: A2593, A2199 , A2048 , A3266 , A3497 (full list will be available in the published version).Notice that we do not provide the substructure properties due to the LOS projection effect (as discussed in section 2.3), therefore minor mergers could be included in this sample (Ma et al. 2012) . We display in Table 1 the properties of the two interacting structures of the merging clusters identified using our machine learning (RF) classification techniques. The errors for each property are the standard deviation computed on a hundred of measurements obtained from the RF and the clustering realizations. Many of them are well known merging systems (indicated by in the table), however it is important to emphasize that our method was able to find several new candidates and also to measure their properties. It should be noted that the decomposition of these structures is only indicative, because galaxy velocities are strongly affected by the gravitational attraction of the two halos. Therefore a tomographic reconstruction is necessary (including lensing and X-ray/SZ data) to recover the substructures accurately.
The case of multiple major mergers.
It is well known that there are some clusters that are the result of the merging of more than two systems, although they represent only a small fraction of the total sample (27 of 132 in 8 SDSS mock catalogues). In order to recover all the merging substructure we performed a mixture of more than two Gaussians. We found that our algorithm is only able to recover, with reliable properties, the two more important substructures. Hence the remaining structures may appear as contamination or not appear at all. We discuss an individual analysis of Abell 1758 as an example of the multiple major merger case. This cluster is known as a merger of four substructures, two in the north and two in the south (Ragozzine et al. 2012a) . At a first iteration, our algorithm, classified correctly Abell 1758 as a merging cluster, but failed to properly reconstruct the merging substructures. Considering this extra information we separate the cluster in north and south components and perform a new analysis to each separately. We find that our algorithm was able to classify both as merging clusters and well recovers the merging substructure properties of both components (north and south).
CONCLUSIONS AND FUTURE WORKS
In this work we introduce a method aimed to detect merging systems of galaxies in redshift surveys. We select a random forest algorithm between other machine learning algorithms, and use as features quantities derived from the galaxy redshift space information and from photometry (eg. colours). Our detection method was trained and calibrated using a sample of merging systems extracted from mock catalogues. By studying the merger trees we check that we do find the two substructures that experienced a major merger and recover their fundamental properties (positions and masses). We apply our techniques to a sample of systems of galaxies identified in SDSS-DR7, WINGS and HeCS.
The resulting merging system sample in which we are able to recover the merging substructures comprises 12, 4 and 16 systems respectively. Additionally, we report 29 spatially coincident merging system candidates. Several of this systems where previously reported by other authors as interacting systems of galaxies. We also report for the first time 40 new nearby candidates as merging systems, that were previously overlooked.
We emphasize that our method detects in a reliable way the merging systems candidates and substructures properties, but also wish to note that, in the case of multiple mergers, some merging substructures may be joined by our algorithm and hence are reported as one component causing a possible biase in some measured properties.
The kinematical reconstructions (see Fig. 3 and Table 1 ) will be corroborated using tomographic techniques including X-ray and weak lensing information (Gonzalez et al. 2015) in forthcoming papers. We also plan in further works to train our algorithm with light cone mocks in order to apply our technique to high redshift catalogues (CLASH-VLT (Biviano et al. 2013) , FRONTIERs (Ebeling et al. 2014) , EDiCs (Milvang-Jensen et al. 2008) , DESI, etc.) and to study any environmental dependence of galaxy properties (eg. star formation rate, stellar mass, morphology) at different stages in the merging process. Diverse studies could be performed with a sample of merging systems like the ones presented in this paper. Using the Bayesian reconstruction techniques presented by Dawson (2013) it is possible to recover the 3D information of the merger. In a forthcoming paper we will use such information in order to explore the implications for the properties of the DM particle. A web interface implementing these methods (The MeSsI Algorithm) is freely available at http://200.16.29.98/martin/merclust. Table 1 . Here we present the low redshift merging cluster sample, including the properties of the two main substructures identified by our algorithm. In column 1 we present the name of the cluster, from column 2 to 5 we present the estimated mass and the position of the main substructures and from column 6 to 9 we present the estimated mass and the position of the other substructure, finally in the last column we list previous work on each cluster. Clusters that have been previously reported as merging systems are indicated with . References: 2 Wen & Han (2013) 
